We consider neural network training, in applications in which there are many possible classes, but at test-time, the task is a binary classification task of determining whether the given example belongs to a specific class. We define the Single Logit Classification (SLC) task: training the network so that at test-time, it would be possible to accurately identify whether the example belongs to a given class in a computationally efficient manner, based only on the output logit for this class. We propose a natural principle, the Principle of Logit Separation, as a guideline for choosing and designing loss functions that are suitable for SLC. We show that the Principle of Logit Separation is a crucial ingredient for success in the SLC task, and that SLC results in considerable speedups when the number of classes is large. * This work is an extended abstract based on the publication "Fast Single-Class Classification and the Principle of Logit Separation", winner of the Best Student Paper Award in the IEEE International Conference on Data Mining 2019 [Keren et al., 2018c] .
Introduction
When using neural network classifiers over a very large number of classes, a high computational burden at test-time occurs. Indeed, in standard neural networks, using a softmax layer and the cross-entropy loss, the computation needed for finding the logits of the classes (the pre-normalized outputs of the top network layer) is linear in the number of classes [Grave et al., 2017] , and can be prohibitively slow for highload systems, such as search engines and real-time machinetranslation systems.
In some applications, the task at test-time is not full classification of each example into one of the many possible classes. Instead, the task, each time the trained classifier is used, is to identify whether the current example should be classified into one of a small subset of the possible classes, or even a single class. This class can be different every time the classifier is used. Consider for example the case of real-time image search [Maturana and Scherer, 2015; Redmon et al., 2016] from a live feed from multiple cameras.
When the user queries for images of object A, the classifier has to process a large number of images, and decide whether each image contains an instance of object A or not. The classifier is then activated for the second time, this time with a query to find images of object B. The classifier now processes new images, to determine which ones contain an instance of object B. This setting has various applications, such as identifying a person of interest in a live security feed and finding a specific road sign from a camera of an autonomous car.
In the setting that we consider, while every use of the classifier at test-time tests for a single class (or a small number of classes), the classifier itself must support queries on any of the classes, since it will be used again and again, each time with a different class as a query. As the number of classes may be large, it is not reasonable to train a separate model for every possible class that might be queried at test time. Instead, our goal is to have a single model which supports all possible class-queries.
For this type of applications, one would ideally like to have a test-time computation that does not depend on the total number of possible classes. A natural approach is to calculate only the logit of the class of interest, and use this value alone to infer whether this is the true class of the example. However, the logit of a single class might only be meaningful Cat 10 5 Figure 2 : The Principle of Logit Separation. Left: when training with the cross-entropy loss, the logit values for the class 'Cat' can be the same for two examples, one where it is the true class (blue) and one where it is not (red) . Therefore, at test-time, a logit with the same value for the class 'Cat' does not indicate whether the example belongs to this class. Right: With a loss function that is aligned with the Principle of Logit Separation, all true logits are greater than all false logits at training time. Hence, at test time, a single logit can indicate the correctness of its respective class.
in comparison to logits of other classes, in which case, unless the other logits are also computed, it cannot be used to successfully determine whether the test example belongs to the class of interest. We name the goal of inferring class correctness from the logit of that class alone Single Logit Classification (SLC). Note that SLC is a binary classification task, stressing the fact that only one logit is computed. In Figure  1 we demonstrate the speedup yielded by SLC, compared to binary classification in the method which computes all logits and uses them for normalization, as the number of classes increases. For instance, computing only a single logit yields a 10x speedup in evaluation time when there are 400,000 possible classes. The speedup increases with the number of possible classes. See Section 6 for more details on the experimental setting and the resulting speedup.
In the next sections, we introduce the Principle of Logit Separation as a guideline for choosing and designing loss functions that are appropriate for the SLC task. The extended version of the work [Keren et al., 2018c] contains full proofs for alignment of each of the seven considered loss functions with the Principle of Logit Separation as well as full experiment details and extended results.
The Principle of Logit Separation
In the SLC task, the only information about an example is the output logit of the model for the single class of interest. Therefore, a natural approach to classifying whether the class matches the example is to set a threshold: if the logit is above the threshold, classify the example as belonging to this class, otherwise, classify it as not belonging to the class. We refer to logits that belong to the true classes of their respective training examples as true logits and to other logits as false logits. For the threshold approach to work well, the values of all true logits should be larger than the value of all false logits across the training sample (in fact, it is enough to separate true and false logits on a class level, but we stick to the stronger assumption in this work). This is illustrated in 
. The definition assures that every true logit z θ y (x) is larger than every false logit z θ y (x ). If this simple principle holds for all train and test examples, it guarantees perfect accuracy in the SLC task, since all true logits are larger than all false logits. Thus, a good approach for a training objective for SLC is to attempt to optimize for this principle on the training set. A loss is aligned with the Principle of Logit Separation if for any training sample S, minimizing on S ensures that the requirement in Definition 1 holds for the resulting model θ.
Standard Objectives in View of the PoLS
The Cross-Entropy Loss The cross-entropy loss, which is the standard loss function for neural network classifiers (e.g., [Krizhevsky et al., 2012] ), is defined on a single example as It can be shown that the cross-entropy loss does not satisfy the PoLS. Indeed, as the loss depends only on the difference between logits for every example separately, minimizing it guarantees a certain difference between the true and false logits for every example separately, but does not guarantee that all true logits are larger than all false logits in the training set. 
where γ > 0 is a hyperparameter that controls the separation margin between the true logit and the false logits of the example. It can be shown that this loss too does not satisfy the PoLS, since minimizing it again guarantees only a certain difference between the true and false logits for every example separately, and not across the entire training sample.
Objectives that Satisfy the PoLS
In this section we discuss training objectives that have been previously proposed in the literature, and we show that these objectives indeed satisfy the PoLS.
We consider the binary cross-entropy loss, that is often used in multilabel classification settings. In multilabel settings, each example can belong to several classes, and the goal is to identify the set of classes an example belongs to. A common approach Huang et al., 2013] is to try to solve k binary classification problems of the form "Does x belong to class j?" using a single neural network model, by minimizing the sum of the cross-entropy losses that correspond to these binary problems. In this setting, the label of each example is a binary vector (r 1 , . . . , r k ), where r j = 1 if x belongs to class j and 0 otherwise. The loss for a single training example with logits z and label-vector r is
where σ(z) = (1 + e −z ) −1 is the sigmoid function. This loss can also be used for our setting of multiclass problems, by defining r j := 1 j=y for an example (x, y). This gives the multiclass loss (z, y) = − log(σ(z y )) + j =y log(1 − σ(z j )).
The binary cross-entropy is also aligned with the PoLS. Indeed, similarly to case of the NCE loss, it is easy to see that when the term above is minimized for one example, the value of true logit z y converges to infinity, and the values of all false logits converge to negative infinity. When the above term is minimized for the entire training set, all true logits are larger than all false logits across the training set.
In the extended version of this work [Keren et al., 2018c], we consider two additional existing loss function, namely the Self-normalization loss [Devlin et al., 2014] and the Noise Contrastive Estimation (NCE) loss [Gutmann and Hyvärinen, 2010; Mnih and Teh, 2012] . Both loss function were previously considered in the context of natural language learning, and we show that they are aligned with the PoLS.
New Training Objectives for the SLC Task
We propose new training objectives for the SLC task, designed to satisfy the PoLS 1 . We define a batch version of the cross-entropy loss, using the KL-divergence between distributions over batches. Note that the standard cross-entropy loss can be defined using the KL-divergence between the model posterior probability distribution and the one-hot target distribution. Recall that the i'th example in a batch B is denoted (x i , y i ). Let P B be the distribution over This batch version of the cross-entropy loss is aligned with the PoLS. Indeed, when this loss is minimized for one training batch, all true logits converge to some positive value (as a normalized exponentiated true logit converges to 1/m), while all false logits converge to negative infinity (as a normalized exponentiated false logit converges to zero). Therefore, when minimizing this loss across the whole training set, all true logits are larger than all false logits in the training set. Similarly, we introduce the batch version of the max-margin loss, which is described in the extended version of this work [Keren et al., 2018c ].
Experiments
We tested the SLC tasks on neural networks trained with each of the seven loss functions we considered above, five of which are aligned with the PoLS. To evaluate the success of a learned model in the SLC task, we measured, for each class j and each threshold T , the precision and recall in identifying examples from class j using the test z j > T , and calculated the Area Under the Precision-Recall curve (AUPRC) defined by the entire range of possible thresholds. We also measured the precision at fixed recall values (with dictate the threshold T to use) 0.9 (Precision@0.9) and 0.99 (Precision@0.99). We report the averages of these values over all the classes in the dataset.
We used five benchmark datasets for our evaluations. For the MNIST dataset [LeCun et al., 1998 ], we used a neural network with two fully-connected layers. For the SVHN [Netzer et al., 2011] , CIFAR-10 and CIFAR-100 [Krizhevsky and Hinton, 2009] datasets, a neural network with six convolutional layers and one fully-connected layer was used. For the Imagenet dataset, we used the Inception-V3 architecture [Szegedy et al., 2016] . Experiment results are reported in Table 1, and contain averaged results according to PoLS alignment. It can be seen that the mean relative improvement of training objectives that are aligned with the PoLS compared 26.4 · 10 −3 x2.79 2 18.5 80.5 · 10 −3 x8.52
Inception-v3
1 (SLC) 6.0 · 10 −3 -2 14 6.5 · 10 −3 x1.09 2 18 18.7 · 10 −3 x3.11 2 18.5 76.6 · 10 −3 x12.75
Resnet-50 1 (SLC) 6.1 · 10 −3 -2 14 6.6 · 10 −3 x1.08 2 18
19.1 · 10 −3 x3.11 2 18.5 78.0 · 10 −3 x12.69
Resnet-101
8.3 · 10 −3 x1.04 2 18 23.5 · 10 −3 x2.95 2 18.5 80.4 · 10 −3 x10.10 to non-aligned objectives is usually at least 20%, and in many cases considerably more.
In addition, we estimated the speedups gained by performing SLC, compared to methods in which all logits are computed, using five prominent image classification architectures. Since we are interested in test-time performance, we report the time required for computing the forward-pass of a given network. To measure SLC computation time, we replace the top layer by a layer with a single unit and measure the time to compute the single logit given an input to the network. To measure the computation time when computing the logits of k classes, we replace the top layer with a layer containing k units, and again measure the time it takes to compute all logits, given an input to the network.
The timing results are given in Table 2 . The results in the table show that for networks with up to 2 14 = 16384 classes, the speedup is relatively small, since computation of the network layers other than the logit layer dominates the forwardpass computation time. In contrast, when there are many classes, the computation of logits dominates the forward-pass computation time. Hence, SLC obtains a speedup as high as x20, which grows when the number of classes is larger.
Conclusion
We consider the Single Logit Classification (SLC) task, which is important in various applications. We formulate the Principle of Logit Separation (PoLS), and study its alignment with seven loss functions, including the standard cross-entropy loss and two novel loss functions. We estab-lished, and corroborated in experiments, that PoLS-aligned loss functions yield class logits that are more useful for binary classification. We further demonstrated that training with a PoLS-aligned loss function and applying SLC leads to considerable speedups when there are many classes. Recent years have seen a constant increase in the number of classes in datasets from various domains, thus we expect SLC and the PoLS to play a key role in various applications. Future work plans include extending the scope of the Principle of Logit Separation by applying it to other training mechanisms that do not involve loss functions [Keren et al., 2017] and to neural network regressors designed as classifiers [Keren et al., 2018a; Keren et al., 2018b] .
